We are IntechOpen,
the world’s leading publisher of

Open Access books
Built by scientists, for scientists

6,900 186,000 200M

ailable International authors and editors Downloads

among the

154 TOP 1% 12.2%

Countries deliv most cited s Contributors from top 500 universities

Sa
S

BOOK
CITATION
INDEX

Selection of our books indexed in the Book Citation Index
in Web of Science™ Core Collection (BKCI)

Interested in publishing with us?
Contact book.department@intechopen.com

Numbers displayed above are based on latest data collected.
For more information visit www.intechopen.com

Y



Chapter

Thoughts for Foods: Imaging
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for Monitoring and Measuring

Food Quality
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Abstract

In recent decades, the quality and safety of fruits, vegetables, cereals, meats,
milk, and their derivatives from processed foods have become a serious issue for
consumers in developed as well as developing countries. Undoubtedly, the tradi-
tional methods of inspecting and ensuring quality that depends on the human
factor, some mechanical and chemical methods, have proven beyond any doubt
their inability to achieve food quality and safety, and thus a failure to achieve food
security. With growing attention on human health, the standards of food safety and
quality are continuously being improved through advanced technology applications
that depend on artificial intelligence tools to monitor the quality and safety of food.
One of the most important of these applications is imaging technology. A brief
discussion in this chapter on the utilize of multiple imaging systems based on all
different bands of the electromagnetic spectrum as a principal source of various
imaging systems. As well as methods of analyzing and reading images to build
intelligence and non-destructive systems for monitoring and measuring the quality

of foods.

Keywords: Food, Quality, Imaging technology, electromagnetic spectrum,
image analysis

1. Introduction

The quality and safety of human food is the concern of all the elements of this
system from the consumer, producers, and manufacturers of food, food control
organizations, food safety organizations, and the market niche requirements. When
agricultural and food products do not meet the quality standards and safety criteria,
consumers lose faith in producers leading to the loss of these products’ competi-
tiveness in the market, and then significant economic loss. Although some systems
are proposed to achieve food safety and quality by achieving a set of conditions that
fall under the so-called Good Manufacturing Practices (GMP) and Hazard Analysis
and Critical Control Point (HACCP) which represents the best way to achieve food
security through all production steps. Unfortunately, with all these requirements
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A Glance at Food Processing Applications

for GMP and HACCP systems and others, they are not sufficient to ensure the
production of safe food free of contaminants and defects, so it has become neces-
sary to introduce modern technologies to quality inspect and detect blemishes and
contamination. Therefore, the focus was on the development of non-destructive,
modern, fast, reliable, and applicable methods that meet the needs of both food
manufacturers and producers, as well as the desires of the consumer. In the present
scientific climate, an acceleration in the growth of image processing technology has
been observed among rapidly growing technologies. As well, image technology
forms a core research area not only in engineering and computer science disciplines
but also in the agricultural and food sectors. Image analysis is a study technique that
aims to quantify the characteristics of each part of the image, both concerning their
location and their filling. In fact, the densities are analytically observed as a function
of the position concerning a reference point. The image is observed in its most basic
units which are pixels (PICture ELement). They can have a square or rectangular
shape and can take one or more values depending on the type of acquisition that is
made, whether mono or multispectral. Even images taken with common cameras
have more than one piece of information on each pixel. In fact, in this case, each
pixel will have three numerical information with numbers ranging from 0 to 255,
meaning by 0 the absence of color and with 255 the maximum intensity for that
band of the electromagnetic spectrum. Image analysis is of interest in many areas of
study, from the medical to the criminological, from the building to the agricultural
sector. This diffusion is due to the fact that it is a very objective type of analysis that
is based on a certain source (the image) and bases a series of calculations on it with a
rigorous statistical approach. In the agri-food sector, image analysis is very success-
ful because the appearance of a food product has a whole series of qualitative
information that is difficult to parameterize by classical methods. Sensory
approaches always remain invaluable tools of judgment, especially if conducted on a
representative number of subjects and if carried out with an adequate plan of relief
data and statistical adaptations. In addition, as far as the visual component is
concerned, human vision, as already indicated, is limited to wavelengths between
390 and 700 nm, with greater sensitivity around 550 nm. The human eye is also
influenced by the brightness of the background (simultaneous contrast effect) and
tends to overestimate or underestimate information at the boundary between
objects of different intensities (Mach Band effect) [1]. According to the widely
accepted Retinex theory [2], there are three systems of independent cones
consisting of receptors that read in three different wavelength regions of the
visible spectrum.

Image analysis techniques, applied in the food field, show the following main
advantages: objectivity, continuity over time, and rapid decision-making. An image
is a representation of a two-dimensional or three-dimensional reality according to
the independent spatial coordinates of an object. This is a one-plane transposition of
the object’s descriptive information, placed in exact positions concerning a refer-
ence point. In this context, [3] defined the image as a two-dimensional function, f
(%, y), where x and y are the spatial coordinates and the amplitude of function, f at
any pair of coordinates (x, y) is called the intensity or gray level of the image at that
point as depicted in Figure 1. Consequently, if x,y, and the amplitude values of f are
finite and discrete quantities, the image is defined as a digital image. So, the digital
image is composed of a finite number of elements called pixels, each of which has a
particular location and value. The images are generated by the combination of an
energy source (electromagnetic, but also ultrasound) and the reflection of the
energy emitted by the object.

A digital image is an ordered set of numbers each representing the intensity of
reflection of the electromagnetic band of which the camera is sensitive. So, the
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Figure 1.
Hlustrates gray and color images: an array of pixels intensity and color values.

Figure 2.
Depicts an arrangement of arranged individual pixels, A) Bayer mosaic, and B) Debayering Process. (http://e
n.wikipedia.org/wiki/Image:US03971065_Bayer_Front.png).

digital image is composed of a finite number of elements called pixels, each of
which has a particular location and value. Most digital cameras are equipped with
sensors that allow the reading of individual pixels arranged in an arrangement
called the Bayer mosaic [4] as shown in Figure 2A, consisting of blocks of four
pixels, two green, one red, and one blue. Because each pixel is sensitive only to its
own color, the end result is an image with scattered red, green, and blue dots. To
achieve gradual tones and smooth photography, the processor or editing software
must subsequently debayer Figure 2B. Because each pixel is filtered to record only
one of the three colors, the data for each pixel cannot fully specify each of the red,
green, and blue values on its own. To obtain a color image, various demosaicing
algorithms can be used to interpolate a set of complete red, green, and blue values
for each pixel. These algorithms use the surrounding pixels of the corresponding
colors to estimate values for a particular pixel. Different algorithms that require
various amounts of computing power result in final images of variable quality. This
can be done inside the camera, producing a JPEG or TIFF image, or outside the
camera using raw data directly from the sensor. Multispectral cameras are equipped
with as many sensors as there are bands of the spectrum from which you want to get
the reflected information.

Therefore, an image obtained from a multispectral camera will be a three-
dimensional array consisting of as many matrices as there are observed bands. Each
pixel in the array will have the value of the intensity of the amount reflected by the
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photographed object, for that band of the spectrum. The same principle of opera-
tion is the basis of spectrophotometers that generally consist of a light source, a
lamp, which changes typology in case it is the analysis in the visible spectrum or UV
and, in some specific instruments, infrared rays. While normal photography
instruments typically limit themselves to capturing the intensity of reflectance of a
scene or object for a limited number of spectral bands, corresponding to those
needed to produce an image that can be interpreted by the human eye,
hyperspectral cameras can capture, for each pixel, the entire spectral response in a
wide, almost continuous range, depending on the type of camera itself. As a result,
many measurements are available for extracting useful information. Hyperspectral
images, therefore, collect a considerable amount of information from the same
subject or surface, but at the same time require an important amount of interpreta-
tive commitment [5]. Common cameras, which represent the most widely used
image capture tool and historically early means of capture, are also optimized to
capture photons of light from the visible spectrum, and from the wavebands needed
to build an image that can be interpreted by the human eye, providing very limited
spectral information [6]. The peaks in the reflectance spectrum, detected by spe-
cific equipment, correspond to low absorption of the incident brightness and define
the so-called “spectral signature”, unique to each material [7]. Thus, the ability to
exploit these differences in reflectance to characterize different materials through
spectral response detection.

2. Image analysis procedures

The steps required in the analytical procedure in the case of the study of a
phenomenon through image analysis do not differ much from those of classical
analytical procedures. Indeed, both methodologies involve measurements, data
processing, and consequent reporting. What fundamentally changes in the prepa-
ration of the support, which in the case of classical analysis consists in the prepara-
tion of the physical sample, while in the image analysis it involves the acquisition of
the image from the physical sample, properly treated [8]. The elaboration phase
involves the repetition of the measurements, their statistical evaluation, and the
appropriate representation of the results. Image-analysis techniques allow you to
simultaneously quantify multiple visual attributes and suggest criteria for classify-
ing certain quality performance. The images obtained from the spectrograph,
therefore, represent in number the same interval between the observed and avail-
able bands. Therefore, for each observed sample, as many photos will be available as
there are spectrograph reading frequencies. Samples are hardly flat, and if you want
to observe in their entirety, making sure that the reading is not invasive, they must
be placed in the reading compartment, without making any cuts. Therefore, for
example with potatoes or apples, there is a risk of having readings that can also
depend on the variable distance from the emitted source of light. For this reason,
images should be observed and sampled in areas where the distance from the sensor
is equal for all samples [9]. So, the first step to take is to cut out the sub-sample of
photography or better than more sub-photography samples in which to read the
amount read by the sensor. Processing through R software can be developed
through the EBImage package (Copyright © 2003-2021, Bioconductor), importing
images through the read image function, then as arrays of values where pixels are
identifiable through coordinates concerning a known point of origin [10]. This
allows you to prepare shapes, usually regular (squares or rectangles), to crop sub-
plots, through coordinate extraction. So, from each sub-plot, you can read the mean
values and the standard deviation of the mean value. Therefore, in R, each sample
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Figure 3.

GLCM on a sub-plot of a potato surface.

will constitute a vector that will be valued through the standard averages and
deviations read from all the wavelengths used. So, the vectors of the samples will
have as many values as there are wavelengths. If multiple sub-plots are used, they
can be repeated for the same sample and can therefore be verified through
ANOVA tests to assess the variance between the samples and that between the
sub-samples. A similar image analysis path is possible even if there are few
observed reflectance bands. In the case of RGB images, there are three bands
(Red, Green, and Blue). In these cases, you can apply a type of analysis that relies
on grayscale arrays (GLMC) [11-14]. The images are first rendered grayscale and
the GLCM algorithm observes the relationship between each pixel and its neigh-
bors Figure 3. In this way, parameters (homogeneity, contrast, dissimilarity,
entropy) are measured that show whether the surface of the observed object is
homogeneous or has irregularities.

3. Software available

In recent decades, many software, or additional packages specific to generic
statistical software have been developed, such as Matlab, R, or Python [15]. Most
algorithms refer to multi-way analysis, such as PARAFAC, PARAFAC2, N-PLS,
Tucker3, and DTLD [16]. There are also some other open-source software
implementations used for the multi-way analysis of other communities. For exam-
ple, the tensor toolbox [17] is powerful for analyzing a wide type of tensor, these
include dense, scattered, and symmetric tensors [18] and a Matlab tensorial
decomposition package called tensor box that contains various algorithms opti-
mized for the decomposition of a tensor, such as the fast dampened CP gauss-
newton algorithm [19]. Recently, some multi-way analysis software packages run-
ning in the R environment have also been developed, such as ThreeWay [20] and
multiway packages [21] developed by social science statisticians. Meanwhile, there
are also some Python multi-way analysis packages available, such as Tensorly [22]
and TensorD [23]. Other packages were born for other applications, such as
EBImage or Image. Contour detector [24-26] refer to Otsu’s algorithm [27], in an
intention to discriminate bodies, backgrounds, particles and are currently used for
image analysis in many sectors, including agro-industrial. An example of applying
the identification of the contour and then the shape is shown in Figure 4, [13],
which shows the reading of an image of a potato tuber.
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Figure 4.
Contour extraction on a potato RGB image.

4. Sources of digital images

Vision is the most important of the senses in human perception, so the images
play the monocular most important role in enhancing this human perception. As a
result of human limitations, where the human eye can identify and see objects in the
visible light band in the electromagnetic spectrum. As well, in light of the evolution
of consumers’ desires for obtaining a high-quality and safe food product, and the
inability of traditional methods to measure quality to meet the needs of the con-
sumer, there were vigorous motives for developing imaging machines to cover
almost the entire electromagnetic (EM) spectrum, ranging from gamma to radio
waves. In order to be able to determine and measure the quality of food in general
by identifying the appearance quality attributes, different phytochemical elements,
internal structure, and detection of external and internal injuries and defects. The
principal source for the images is the electromagnetic (EM) energy spectrum.
Electromagnetic radiation is an electric and magnetic disturbance that propagates
through space at the speed of light (2.998 x 108 ms ™). The electromagnetic spec-
trum is the set of all possible frequencies or wavelengths of electromagnetic waves.
Depending on their frequency or wavelength, electromagnetic waves interact dif-
ferently with what they encounter in their propagation. The electromagnetic spec-
trum is the range of all frequencies of electromagnetic radiation from the shortest to
the longest wavelength that can be generated physically. This range of wavelengths
can be broadly divided into regions which include gamma rays, X-rays, ultraviolet,
visible light, infrared, microwaves, and radio waves as shown in Figure 5 [28, 29].
Electromagnetic radiation from the spectrum has found multiple applications
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Figure 5.
Shows the different bands of electromagnetic (EM) spectrum.
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ranging from communication to manufacturing. The following is a simplified
explanation of all the different types of imaging according to each wavelength on
the electromagnetic spectrum.

4.1 Gamma rays imaging

Gamma rays have the smallest wavelengths (wavelength: <0.01 nm) and the
most energy of any wave in the electromagnetic spectrum, that they can pass
through most types of materials as shown in Figure 6. This high penetration prop-
erty makes gamma-ray imaging technology one of the most important imaging
techniques for the internal properties of extremely thick objects. Gamma waves
may be generated by nuclear explosions, lightning, accelerations of charged parti-
cles by strong magnetic fields, and the less dramatic activity of radioactive decay as
mentioned [30]. Gamma decay occurs when a nucleus drops to a lower energy state
from a higher energy state. Unlike alpha and beta decay, the chemical element does
not change and carries no charge. The resulting emission produces gamma rays. The
imaging of gamma-ray photons same as any band in the electromagnetic spectrum
provides the ability to determine the origin of photons in space. Predominantly, the
ability of gamma-ray imaging has been used in medical applications to trace specific
radioactive markers to obtain information on transport, distribution, and metabolic
or more specifically, to detect cancer or to study certain dynamical behavior, such
as drug additions, and recently has been applied in astrophysics applications.
Gamma-ray images capture by a Gamma camera (scintillation camera) which is an
instrument developed for medical diagnostics to acquiring emitted gamma radia-
tion from internal radioisotopes to create images and this process is called scintig-
raphy. Gamma camera consists of a detector, collimator, photomultiplier tubes PM
tubes, preamplifier, amplifier, pulse height analyzer (PHA), X-Y positioning cir-
cuit, and display or recording device [31].

The detector, PM tubes, and amplifiers are housed in a unit called the detector
head. The mechanism of growth and development of agricultural and food sectors
requires a major development in modern technology to monitor agricultural opera-
tions in general, in addition to food production processes. Researchers have signif-
icantly improved the performance of a gamma ray-imaging camera, which is
invisible to the human eye. The new technology has potential applications in scien-
tific research, medical treatment, and environmental monitoring. In addition to the
agricultural sector, many experiments have used multiple imaging techniques with
gamma rays and have reached promising results for their practical application. In
this regard, [32] mentioned many studies have been carried out in the last two
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Describe Gamma-ray position on the EM spectrum and the penetration property.



A Glance at Food Processing Applications

decades, using the gamma-ray computed tomography (CT) technique in several
areas of knowledge other than medicine. As a result, used Gamma-ray computed
tomography to characterize soil surface sealing and the study reached that the
gamma-ray CT was able to confirm the occurrence of soil surface sealing due to the
sewage sludge application and determine average densities and thickness of these
layers. Through these results, concluded that the tool of gamma-ray CT allows a
detailed analysis of soil bulk density profiles and the detection of very thin
compacted or sealed layers. The gamma-ray computed tomography can be applied
for wood density analysis, in the field for water infiltration studies and to provide
information on the chemical composition of materials [33, 34]. Additionally, [30]
pointed out the structure of the positron emission tomography (PET) scanners as
depicted in Figure 7 where the PET scanners detect gamma rays with a ring of
gamma-ray detectors placed around the subject. Where the special tracer molecules
are ingested or injected into the living tissue. The main idea is focused on preparing
the tracers by especially compounds to contain one or more radioactive atoms that
spontaneously emit positrons (antimatters) positively charged electrons that rap-
idly colloid with electrons in the neighboring atoms. Then, the collision results in
the annihilation of both the positron and electron and the creation of two gamma
rays with the energy of a positron or electron. Furthermore, [35] mentioned that the
positron-emitting tracer imaging system is one of the powerful techniques for
researching the distribution and translocation of water, photoassimilate, mineral
nutrients, and environmental pollutants to plants. This system works to detects two
gamma rays produced by positron-emitting nuclides with a scintillation camera and
therefore enables us to study the movement of elements in intact plants in real-
time.

Accordingly, described the PET imaging system as a more compact system and
flexible in the way to control the environment. Likewise, [36] explained that the
positron-emitting tracer imaging system (PETIS) was developed to use the theory
of PET in plants. It is equipped with a planar-type imaging apparatus and radioiso-
topes tracers such as ¢, BN, 0, *?Fe, >’Mn, ®*Cu, and '%/Cd that are produced by
a cyclotron and provides 2-D images. As well, [37] concluded that the 2-D and 3-D
Gamma-ray imaging techniques have been successfully used in agriculture for the
quantification and visualization of various compounds and mechanisms studies
within plants such as water uptake and transportation, metal uptake, and transpor-
tation, photoassimilate translocation, etc. Modern technologies have become a nec-
essary mechanism for growth and development in the field of agricultural
production, food quality, and safety, and researchers are looking forward to
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electronics

Figure 7.
Hlustrative diagram of a positron emission tomography (PET) scan.
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achieving the best results in achieving a sustainable development strategy. From
this standpoint, gamma-ray imaging has been used with success in several fields,
soil analysis, [38] mentioned that the current methods for soil sampling and lab
analysis for soil sensing are time-consuming and expensive. So, used hyperspectral
gamma-ray energy spectra to predict various surface and subsurface soil properties.
It was concluded that the developed model provided a powerful prediction of clay,
course, sand, and Fe contents in the 0-15 c¢m soil layer and pH and course sand
contents in the 15-50 c¢m soil layer. Also, characterized and measured the mineral
uptake and translocation within plants using positron emission tomography imag-
ing system (PETIS) such as Mn in barley [39] describe the effects of the reduced
form of glutathione (GSH) and study the behavior in the roots oilseeds rape plant
[40]. Also, [41] applied PETIS to describe the absorption, transportation, and
accumulation of cadmium from culture to spikelet in an intact rice plant. Further-
more, [42] studied using the ®*Cu as a tracer in the soybean plant for the transpor-
tation from root to the leaves and concluded that the ®*Cu could be a useful tracer
for the use in plant studies such as the distribution and translocation of copper in
intact plants using the PETIS as shown in Figure 8. Subsequently, [43] investigated
the ability of the PETIS to visualize and quantitatively analysis of the real-time Cd
dynamics from roots to grains in rice cultivars that differed in grain Cd concentra-
tions using PETIS. Moreover, the utilize of positron emission tomography imaging
system (PETIS) in the field of tracking water uptake and translocation within plants
was studied. Where [35] studied the effect of Aminolevulinic acid (ALA) on H,>0
translocation from the roots to the shoots of rice plants in real-time by PETIS
technology. As well, [44] applied PETIS technology to study the effect of light on
H,"0 flow in rice plants. Where found that the plants were exposed to low light,
the H,O flow was activated more slowly. By the same token, [45] studied the
visualize of >O-water flow in tomato and rice plants in light and darkness by using
PETIS technology. Although the applications of Gamma-ray imaging techniques are
mainly used for research and development purposes, it has extremely great poten-
tial to serve as a tool for the development of several operations in the agriculture
and food sectors.

Field of
view

A = = = == === B = == ===
| Test plant (soybean) Image | Imaging of 5*Cu by the PETIS with color scale bar represents the intensity of 5/Cu
Figure 8.
Depicted the positron emission tomography imaging system setup for soybean.
4.2 X-rays imaging
X-rays are a kind of invisible electromagnetic energy with short wavelengths
ranging from 0.01 to 10 nanometers and high frequency from 3 x 10" to

3 x 10 Hz, and thus high energies in the range 120 electron Volt (eV) to 120 kilo-
electron Volt (keV), and it falls in the range of the electromagnetic (EM) spectrum
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between ultraviolet radiation and gamma rays. X-rays are short electromagnetic
waves that behave like particles while interacting with the matter as discrete bun-
dles of energy and are called photons or quanta. Almost, X-rays are classified into
soft X-rays and hard X-rays. Soft X-rays have relatively short wavelengths of about
10 nanometers, while hard X-rays have wavelengths of about 100 picometers [46]
as shown in Figure 9. In general, [3] mentioned that X-rays are among the oldest
sources of EM radiation used for imaging. The best-known use of X-rays in medical
diagnostics, but they also are used extensively in industry and other areas, like
astronomy. Besides medical diagnostics imaging and astronomy, there are other
applications of X-rays such as checking luggage at the airport, inspecting industrial
ingredients, and security.

As a result of the powerful penetrating X-ray, it has become one of the most
important modern applications used in the inspection of agricultural products and
food in general. X-ray imaging techniques are the least used in non-destructive
methods for internal quality evaluation which are gaining popularity nowadays in
various fields of agriculture and food quality evaluation. Although, X-ray tech-
niques, so far predominantly used in medical applications, but also have been
explored for internal quality inspection of several agricultural products non-
destructively when quality attributes are invisible on the surface of the products.
Given considerations of product safety, consumer health, and meeting market
needs, the non-destructive nature of these techniques has great potential for wide
applications on agricultural and food products. In short, the action idea of an X-ray
imaging system is based on the principle of transmission imaging technique, that
the X-ray beam penetrates the object and attenuates based on the density variance
of the object. Then this attenuated energy that passed through the object is identi-
fied through a photodetector, a film, or an ionization chamber on the other side.
Thus, the attenuation coefficients of the object components lead to different con-
trast between these components [46-50]. Accordingly, [51] reported that the soft
X-ray method was rapid and took only 3-5 s to produce an X-ray image. Undoubt-
edly, X-ray inspection systems are becoming one of the best solutions to ensure
product quality, safety and prevent risks in the food sector. Based on the combina-
tion of multispectral and X-ray imaging technologies [52] presented a new method
for automatic characterization of seed quality. This new method included the
application of a normalized canonical discriminant analyses (nCDA) algorithm to
obtain spatial and spectral patterns on different seed lots. Reflectance data and X-
ray classes based on linear discriminant analysis (LDA) were used to develop the
classification models. Concluded that multispectral and X-ray imaging has a strong
relationship with seed physiological performance. Reflectance at 940 nm and X-ray
data showed high accuracy (>0.96) to predict quality traits such as normal
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Figure 9.
Determines the location of X-radiation on the electromagnetic spectrum.
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Figure 10.
Hlustrates raw RGB images, veflectance images captured at 940 nm (grayscale and transformed images using
nCDA algorithm), and X-ray images of ventral and dorsal surfaces of Jatropha curcas seeds.
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Figure 11.
Describes eight different foreign objects in three size groups.

seedlings, abnormal seedlings, and dead seeds as shown in Figure 10. These tech-
niques can be alternative methods for rapid, efficient, sustainable, and non-
destructive characterization of seed quality in the future, overcoming the intrinsic
subjectivity of the conventional seed quality analysis. In a serious study for nonde-
structive inspection and detection of foreign materials in food products, [53] dem-
onstrate a method for novelty detection of foreign objects Figure 11 such as wood
chips, insects, and soft plastics in food products using grating-based multimodal
X-ray imaging. Through using X-ray imaging technique with three modalities
absorption, phase contrast, and dark field to pixel correspondence and enhancing
organic materials such as wood chips, insects, and soft plastics not detectable by
conventional X-ray absorption radiography.

An example of X-ray images obtained of all food products with foreign objects
from size group 2 at absorption, contrast, and dark field, from top to bottom,
respectively as shown in Figure 12. It is clearly visible that there is a different
contrast between the three imaging modalities. Concluded that the results give a
clear indication of superior detection results from the grating-based method, and
especially show promising detection results of organic materials. At the same time,
[54] used the X-ray Imaging technique in a study conducted to detect the Infesta-
tion by Saw-Toothed Beetles of stored dates fruits, where its main goal was to
investigate the capability of X-ray imaging in detecting internal infestations caused
by the saw-toothed beetle in stored date fruits.

11
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Figure 12.
Shows the X-ray images obtained for seven food products with foreign materials from size group 2, and the white
bar represents 1 cm.

Contrast
Modality

X-ray images of the dates were acquired at 40 kV potential and 1.6 mAs with a
resolution of 512 x 512 by using an X-ray machine as shown in Figure 13. In the
final analysis, the X-ray imaging system yielded around 97% accuracy in detecting
internal infestation of dates with an adult beetle while using a pairwise classification
method. Similarly, [55] presented an approach for visual detection of organic for-
eign objects such as paper and insects in food products using X-ray dark-field
imaging. The results proved that the dark-field modality gave larger contrast-to-
noise ratios than absorption radiography for organic foreign objects. Additionally,
[56] developed an adaptive X-ray image segmentation algorithm based on the local
pixels intensities and an unsupervised thresholding algorithm for the determination
of infestation sites of several types of fruit such as citrus, peach, guava, etc.

Pupae Adult

Sample 1

Pupae

Figure 13.
Shows X-ray images of two dates infested.

The X-ray images were acquired through an X-ray imaging system which con-
sists of a microfocus X-ray source, a line-scan sensor camera both of which are
controlled by a desktop computer, and a frame grabber board to acquire and
transfer the signal from the line-scan sensor to the host computer as shown in
Figure 14. The developed algorithm proved fast in computation time and was
implemented in the X-ray scanner for real-time quarantine inspection at a scanning
rate of 1.2 m/min.

Thus, suspected sites of infestation inside the fruit can be accurately marked on
the acquired X-ray image to aid the quarantine officer during the inspection
Figure 15 for guava and peach. In conclusion, the detection accuracies of the
infestation detection experiments for guava and peach fruits were apparently
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Schematic drawing of the X-vay imaging system.

Figure 15.
Hlustrates effect of morphological filtering: (a) X-ray image of a sample, (b) segmented spots after adaptive
thresholding of (a), and (c) morphological filtering of (b) with three iterations.

affected by the selection of sub-image and it decreases as the sub-image size
increases. Where, the detection accuracy slightly increased to 95% (guava) and 98%
(peach), by reducing the sub-image size to 12 x 12 in the adaptive segmentation
procedure. Furthermore, there are many studies on the applications of X-ray imag-
ing techniques for inspection and evaluation quality that have been reported in the
tield of food and agriculture.

For example, [57] used the X-ray image to create a method of measuring the
mass of wheat grains via calculating the total grey value. Detecting internal defects
in grains or seeds by applying X-ray imaging has also shown promising results
where, [58, 59] proved that the X-ray imaging technique can identified wheat grains
infested by weevils. Also, the apple bruises were detectable using X-ray imaging
and the extracted image features can be used to sort defective apples [60]. As well,
[61] concluded that digital X-ray images can detect the internal disorder that leads
to tissue breakdown such as the watercore in apples.

4.3 Ultraviolet (UV) imaging

Ultraviolet (UV) radiation has a shorter wavelength and higher energy than
visible light band covers the wavelength range 100-400 nm. Moreover, UV radia-
tion was divided into three bands UVA (320-400 nm), UVB (290-320 nm), and
UVC (100-290 nm) is the most damaging type of UV radiation. However, it is
completely filtered by the atmosphere and does not reach the earth’s surface.
Indeed, [30] mentioned that the imaging cannot be used in the region below
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290 nm while UVB scattered more than the UVA and visible light. In reflected-UV
imaging, UV illumination reflects off a scene then recorded by a UV sensitive
camera while in UV fluorescence imaging. Also, UV illumination stimulates fluo-
rescence at a longer wavelength UVA than the UV excitation source. The resulting
fluorescence is typically in the visible light band. Applications of the ultraviolet
band are varied. They include lithography, industrial inspection, microscopy, lasers,
biological imaging, and astronomical observations [3]. In addition, [30] mentioned
that UV light tends to be absorbed strongly by many organic materials and makes it
possible to visualize the surface topology of an object without the light penetrating
the interior parts. In the UV imaging field, little research on the UV camera as the
main part of computer vision system based on image processing system has also
been carried by the researchers. For example, [62] pointed to that running research
focused on the study of reflected ultraviolet imaging (UV) technique, its potential
of detecting defects in mangoes, and to develop a computer vision system that could
find the reflected area on injured or defected mango’s surface. So, they studied the
possibility of a reflected UV imaging technique for the detection of defects on the
surface area of mango. concluded that the distinction between RGB color and
reflected UV imaging is very clear as shown in Figure 16. The band-pass filter of
400 nm wavelengths was found more suitable to detect the defected or ruptured
tissues of mangoes. It might be due to the high photographic value of the UV-A
band and since the reflected UV photography well performed over 360 nm as
mentioned by [63]. Accordingly, an algorithm for defect segmentation can be
developed and CVS could combine with a UV camera and a software algorithm to
detect injuries. In this context, [64] developed and tested a prototype UV-based
imaging system for real-time detection and separation of dried figs contaminated
with aflatoxins as shown in Figure 17. The prototype system was tested by using
400 dried figs.

UV Image

Figure 16.
Shows different images of shriveled mangoes.

In the final analysis, the prototype system achieved a 98% success rate in the
detection and separation of the dried figs contaminated with aflatoxins. Also, [65]
have built a simple computer vision system to detection of anthracnose infection
and latex stain by using a low-cost webcam under UV-A illumination. The UV-
fluorescence imaging technique has been selected for detecting areas on dried figs
that are contaminated with aflatoxin [66]. Similarly, freeze-damaged oranges were
also detected using the ultraviolet (UV) fluorescence method by [67] at 365 nm.
Furthermore, [68] found that a UV-based computer vision system was effective in
identifying stem end injuries in citrus fruits, which was used for fruit sorting.
Likewise, [69] introduced a modern method based on UV imaging technique and
processing images under a 365 nm UV light for separating pistachio nuts
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Figure 17.
Schematic of UV-based imaging system for aflatoxin contamination detection.

contaminated with aflatoxins. Accordingly, [70] indicated that various hidden
defects inside fruits and vegetables can’t be recognized by conventional systems, in
contrast, can be identified by the reflected UV imaging technique. In this regard
[71] mentioned that there is an important band (i.e., 365 nm) was identified during
UV band selection in the application of UV-fluorescence imaging technique for
inspecting aflatoxin contamination. Also, for more than 30 years [72] used UV
photographs for aflatoxin-producing molds that were identified as gray or black
colonies, whereas molds not producing aflatoxins appeared as white colonies.

4.4 Visible light imaging

The visible light spectrum is defined as the segment of the electromagnetic
spectrum that the human eye can view. This visible light band is located in between
ultraviolet (UV) and infrared (IR) regions, whose wavelength ranges from 400 to
700 nm as shown in Figure 18. Visible light is partly absorbed or diffused and partly
reflected from the surfaces of objects, giving them the color, we perceive. This
visible light region consists of red, orange, yellow, green, blue, and violet waves.
Obviously, each color wave is defined with a specific wavelength where violet-blue
is in the area of from 400 to 475 nm, the yellow-green color of about average
550 nm, and red is located in the area of 700 nm [28, 73]. Additionally, [74]
mentioned that when the light falls on an object, it is usually reflected, absorbed, or
transmitted. The intensity of these phenomena depends on the nature of the mate-
rial and that specific wavelength region of the electromagnetic spectrum that is
being used.

violet indigo  blue  green yellow orange red
| I | \ 1 | |
Frequency (THy) 75 675 630 50 525 510 460 380

ULTRAVIOLET INFRARED
Wavelength (nm) 40 M5 415 510 570 590 850 780
| | | | [ | |
Photon Energy (eV) 3.1 28 26 24 22 21 19 16
| | | | [ 1 | J
Figure 18.

Shows the characteristics of visible light on the electromagnetic spectrum.
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The visual band of the electromagnetic spectrum is the most familiar in all our
life activities, it is not surprising that imaging systems based on this visible light
band outweigh by far all the others in terms of scope of application [3]. More
simply, the emitted, transmitted or reflected visible light from an object carries
information about that object which facilitates the quality inspectors to get infor-
mation concerning the quality. So, visible-light imaging systems, play a significant
role to see clearer, farther, and deeper and gaining detailed information about
different objects [75]. Imaging machines base on the visible light spectrum or as
called color imaging systems has become an extremely significant technique for
nondestructively inspecting and assessing the quality of agricultural and food prod-
ucts. So, the color imaging machines are considering a promising technique cur-
rently applied for quality measurement of fresh and processed food. Visible light
imaging machines operation is summarized, by acquiring images under illumination
standard conditions, pixels processing, and analyzing the whole image which can
classify and quantify objects. Also, visible light machine vision systems scan and
sort millions of items per minute and provide fast, objective, robust measurement,
and detailed characterization of color uniformity at a pixel-based level [76-78]. The
simplest machine vision system is mainly composed of a lighting system attached
with a camera, and a computer equipped with an image acquisition board as shown
in Figure 19, [79, 80]. The accuracy, speed, and consistency of these technological
developments represented in visible light imaging have greatly increased their
applications in multiple fields in agriculture and food such as applications of pre-
and post-harvest, food industry, baking industry, cereals, meat, fish, poultry, fruits
and vegetable industry, and liquids. For instance, some agricultural research has
been focusing on using machine vision systems based on color imaging and devel-
oping algorithms to count agricultural elements, mainly vegetables, and fruits to
determine the full maturity, production, and harvest dates [81, 82]. In this regard,
[83] presented a method for identifying and counting fruits from images acquired
in cluttered greenhouses. The results showed a strong correlation, 94.6%, between
the automatic and manual counting data. As well, [84] estimated the mango crop
yield using image analysis to count mango from orchard images, and that is through
segment the pixels of the images into two groups, fruit, and background, utilizing
color and texture information. Then, the mangos were identified to count the
number of fruits in the image. The automatic results achieving a strong correlation
of 0.91.

The number of green apples was determined by using RGB color images under
natural illumination [85]. Similarly, image analysis was used before harvesting to
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Figure 19.
Hlustrates the basic components of the machine vision system.
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counting the number of ripe and unripe fruits [86]. Also, [87] proposed a machine
vision-based visible and NIR hyperspectral imaging method for automating yield
estimation of golden delicious apples on trees at different growth stages. Subse-
quently, many successful attempts were recorded to use automatic vision systems
based on image processing for quality control in post-harvest stages. In this context,
[13] inspected potato tubers according to some sensitive quality features such as
color, size, mass, firmness, and the texture homogeneity of potato surface

Figure 20 through a developed automated vision system. Concluded that the vision
system can be applied as a non-destructive, precise, and symmetric technique in-
line inspection. Additionally, [88] applied a computer vision system and machine
learning algorithms to obtain a prediction model for cherry tomato volume and
mass estimation and the results achieved an accuracy of 0.97. Also, the carrot was
graded using a machine vision system and the results showed that the constructed
image acquisition system success to extract the feature parameters of the carrot
accurately [89]. As well, [6] sorted irregular potatoes using the RGB color imaging
technique. Furthermore, ripeness determination of grape berries and seeds was
performed using image analysis [90]. In a similar trend, the visual quality of agri-
cultural grain is one of the extremely important issues in grain commercialization,
which is assessed based on color, shape, and size, which generally impact the
product’s market price.

The main problems associated with the process of grain quality inspection are
the high probability of error occurrence and the difficulty of standardizing the
results. So, many proposals have been presented in the field of computer vision
systems to assist visual inspection quality of several agricultural grains such as rice
[91-94]. Also, about beans grains, many studies show the need and the importance
of computer vision systems based on image processing for bean inspection [95-99].
In this context, [100] presents a machine vision system (MVS) for visual quality
inspection of beans composed of a set of hardware consists of a board that includes
an image acquisition chamber, a conveyor belt controlled by a servo motor, and a
feeding mechanism and software for segmentation, classification, and defect detec-
tion as shown in Figure 21.

The results of offline experiments for segmentation, classification, and defect
detection achieved, respectively, the average success rates of 99.6%, 99.6%, and
90.0%. While the results obtained in the online mode demonstrated the robustness
and viability of this machine vision system, with average success rates of 98.5%,
97.8%, and 85.0%, respectively, to segment, classify, and detect defects in the grains
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Describe the extracting distinctive texture features of potato.
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Figure 21.
Interface of the software of machine vision system for beans grain.

contained in each analyzed image. In the field of inspection quality of meat, imaging
methods have been recently applied to visually assess meat and foodstuff quality on
the processing line based on color, shape, size, surface texture features [101, 102]. A
machine vision system with a support vector machine was utilized to grade the beef
fat color. The highest performance percentage of the SVM classifier obtained was
97.4% [103]. Moreover, [104] mentioned that RGB color imaging has been a prom-
ising technique for predicting the color of meat. The moisture content of cooked
beef joints was correlated with its color, using an RGB color imaging system [105].
The combination of machine vision, linear and nonlinear classifiers was employed
for the automatic sorting of chicken pieces like breast, leg, fillet, wing, and drum-
stick. The results revealed that the total accuracy of online sorting (highest speed
about 0.2 m.s~ ') was 93% [106]. As well, in the case of fish, visible-light imaging
technology has been able to successfully predict the breed, species, quality, and
gender of the fish [102]. Also, a machine vision method was used to evaluate the
freshness of some fish. The best classification performance was achieved by the
support vector machine classifiers with an 86.3% accuracy rate in the assessment of
the carp fish based on its freshness [107].

4.5 Infrared (IR) imaging

Infrared (IR) radiation is a type of electromagnetic spectrum, a continuum of
frequencies produced when atoms absorb and then release energy that’s invisible to
human eyes but that we can feel as heat. IR radiation is emitted by any object with a
temperature above absolute zero and the most common sources of infrared radia-
tion are the sun and fire. IR radiation exists in the electromagnetic spectrum at
frequencies above those of microwaves and exactly below those of the red visible
light band, hence it was called “infrared” as shown in Figure 22. IR frequencies
range from about 300 (GHz) up to about 400 (THz). Waves of infrared radiation
are longer than those of visible light, ranging from 0.75 to 1000 pm, and are divided
into near (NIR, 0.78-3 pm), Mid-Infrared (MIR, 3-50 pm), and Far-Infrared (FIR,
50-1000 pm) as defined by the International Organization for Standardization (ISO
20473, 2007) optics and photonics-spectral bands, [108, 109]. The infrared spec-
trum (IR) is invisible to the human eye but has a wide range of uses in modern
technology.

Different wavelengths (NIR, MIR, and FIR) of IR radiation have many different
applications. The sources of IR introducing great technological advancements in
imaging, thermal imaging, motion detection, gas analyzing, monitoring, and envi-
ronmental health analysis, etc. IR imaging is widely used in the military, medical,
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An image of infraved wavelengths within the electromagnetic spectrum.

scientific, and industrial fields, since it is able to create a visual with an otherwise
non-visible wavelength band to the human eye [110, 111]. Recently, multispectral,
and hyperspectral imaging systems based on the IR spectrum, have been used for
developing and evaluating most agricultural and food processing operations, such as
tracking and estimating the quality of agricultural and food products.

4.5.1 Near-infrared (NIR) imaging

NIR techniques are used for qualitative analysis of agricultural and food prod-
ucts such as grain, fruit, vegetable, meat, fish, chicken, beverages, and dairy
products. One of the most important of these techniques, and the most wide-
spread is NIR imaging and spectroscopy, which offers a rapid, non-destructive,
and cost-effective method. Development in instrumentation and data analysis
techniques of NIR imaging and spectroscopy, expanded the application range to
chemical analysis, agricultural and food product analysis, and more. So, NIR
imaging is one of the preferred quality monitoring methods in the food industry
[112, 113]. Conventional methods of agricultural and food product monitoring are
time-consuming, expensive, and require sample destruction. So, the trend was
towards fast, accurate, and non-destructive methods. NIR spectroscopy was
established as a non-destructive method for quality analysis of food materials as
mentioned by [114]. Ordinarily, when the IR radiation interacts with matter, the
energy can be absorbed and result in molecular vibrations for example stretching,
bending, rocking, wagging, and twisting. Hence, a change occurs in the electric
dipole moment (change in the positive-negative charge separation) of the mole-
cule, and the molecules transition to different vibrational levels as shown in
Figure 23. These, transitioning from 1st to the 2nd, 3rd, or 4th excited state are
known as overtones, and NIR spectroscopy measures these overtones [115]. So,
NIR spectroscopy can therefore be used to study organic samples, which contain
chemical bonds such as (C-H, O-H, N-H) because these functional groups absorb
the energy from radiation in this region [116].

Therefore, [75, 117] mentioned that instead of individual compounds, major
functional groups were assigned to specific NIR regions, where at a given wave-
length range, a chemical bond will absorb the energy at a specific frequency when
the energy matches the energy required to induce a vibrational response Figure 24.

Hyperspectral imaging based on the NIR band is the most widely used in the
quality determination of agricultural and food products. However, NIR spectros-
copy assessments do not contain spatial information, which is important to many
food inspection applications. Furthermore, the inability of NIR spectrometers to
capture internal constituent gradients within food products may lead to discrepan-
cies between predicted and measured composition. Also, conventional Vis/NIR
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Shows magjor analytical bands and velative peak positions for major NIR absorptions.

imaging provides only spatial information and does not supply any spectral infor-
mation, which may lead to deficiencies in monitoring and evaluating the quality of
products [118-120]. To overcome this, multispectral and hyperspectral imaging
systems have been developed to combine images that contain spatial and spectral
information, acquired at narrow wavebands, sensitive to features of interest on the
object.

4.5.2 Hyperspectral imaging (HSI)

Hyperspectral imaging (HSI) or spectroscopic imaging is one of the most prom-
ising emerging technologies that integrates conventional imaging and spectroscopy
to acquire both spatial and spectral information from an object. Although HSI was
originally developed for remote sensing, it has recently emerged as a powerful
process analytical tool for automatic non-destructive analysis of agricultural and
food products [6, 121-125]. Where, the non-destructive, and flexible nature of HSI
makes it an attractive process analytical technology for the identification of critical
control parameters that impact finished product quality. As a result, expected
[126, 127] that HSI will be increasingly adopted as a process analytical technology
for quality monitoring of agricultural products and the food industry, as has already
been the case in the pharmaceutical industry. There is an equally significant aspect,
where the importance of the HSI system is that it consists of hundreds of neighbor-
ing wavebands for each spatial position (pixel) within the image. Hence, the spec-
trum considers like a fingerprint that can be used to characterize the composition of
that pixel. HSI images are three-dimensional blocks of data, including two dimen-
sions as spatial position and one spectral dimension, so this HSI is known as
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Schematic of HSI hypercube, the spectral and spatial dimensions relationship.

hypercubes, as clarified in Figure 25. Each hypercube consists of 50-300 images
acquired at different wavelengths with a spectral resolution of 1-10 nm. Another
significant factor is that the hypercubes (HSI) permit the visualization of biochem-
ical constituents of a sample, as separated forms into areas of the hyper image

[6, 122, 128-132]. In brief, the main idea of the HSI imaging system running is that
when the electromagnetic spectrum beam incident on the sample during sample
analysis, the radiation turns into forms of reflection, scattering, absorption, and
emit electromagnetic energy obtaining different patterns in specific wavelengths,
due to the difference in chemical composition and physical structure of the sample.
As a consequence, each element has a spectral fingerprint declaring its chemical
composition. So, differences in the chemical concentration of the constituents of the
sample lead to different reflectance or absorbance values in some main wavelengths
[130, 131, 133].

Generally, the structure of the HSI system consists of some major components:
lens, spectrograph, camera, translation stage, illumination unit, and computer sys-
tem Figure 26. Then, when the sample is highlighted by diffuse illumination such as
tungsten-halogen or LED source. then, the sample reflects the light to the lens and is
separated into its component wavelengths by diffraction optics contained in the
spectrograph, then a two-dimensional image (spatial and spectral dimensions) is
formed on the camera and saved on the computer system [122, 134].

Consequently, these technological developments in HSI techniques based on
NIR as a measuring non-destructive method, accurate, reliable, and fast for quality
and safety analysis, have greatly increased the applications in a wide range of
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Figure 26.
Diagram of the hyperspectral imaging system components.
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agricultural and food products. In this paragraph, some applications will be listed
that demonstrate the capability of HSI in the field of food to perform classification,
defect and disease detection, and assessment of some chemical characteristics.
Furthermore, [135] clarified that the HSI systems can be used for the discrimination
of different types of grains, including maize, wheat, barley, oat, soybean, and rice
seed, etc. For instance, [136] developed indices for Norway spruce (Picea abies)
seeds screening through applying HSI at different wavelengths 1310, 1710, and
1985 nm and the results showed a good classification, recommending the possibility
to build inexpensive devices. As well, [137] used HSI based on the NIR band to
explore the influence of grain shape and texture on the spectral variation
represented in three kinds of cereal barley, wheat, and sorghum using PCA and
gradients classification. Concluded that the results of classification gradient images
and PC score plots were 91.18, 89.43, and 84.39% respectively, and all were
influenced by kernel topography. An equally significant aspect is determining the
viability of seeds by applying HSI at different spectral ranges (400-1000, and
1000-2500 nm). Visualization of treated and non-treated corn seeds was also
achieved with HSI. The results demonstrated that the spectral range in the 1000-
2500 nm performed better in exploring the seed viability [138]. Also, [139] classi-
fied viable and non-viable kernels of different cultivars of barley, wheat, and
sorghum by using the NIR-HSI system. The results showed that NIR hyperspectral
imaging is capable to identify viable and non-viable kernels of different cultivars. In
a study for industrial baking of sponge cakes [140], the production process required
various quality indicators to be measured continuously such as moisture content
and sponge hardness. The existing techniques for performing these measures, ran-
domly selected sponges are removed from the production line, and then samples are
manually cut from each sponge by a destructive method to test as shown in

Figure 27A. In contrast, the authors used the NIR-HSI system with a spectral range
of 900-1700 nm as a non-destructive method to predict both moisture and hardness
of cake Figure 27B. The results showed that the moisture and hardness prediction
models when using a PLS-R model were 0.99 and 0.98. Accordingly, concluded that
HSI is a valid method for predicting sponge cakes’ moisture content and hardness.
This study established a proof of concept for a new stand-off cake moisture and
hardness monitoring system. Additionally, this HSI system would provide the
added advantage to record every product in an HS image, which leads to detect
variations in the production process. Also, HSI systems were applied for the ripe-
ness monitoring of a large number of different fruit varieties [141-147]. Also,
defects or blemishes detection such as bruising in fruit [147-155]. Recent studies on
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Figure 27.

Hllustrated traditional measuring technique (A), and (B) NIR-HSI, (1) single band at 1450 nm, (2) binary
image obtained indicating the location of the cavities (in black), (3) Binary mask selecting the center of the cake
(white), air bubbles (black), and (4) cake image ready for spectral data extraction.

22



Thoughts for Foods: Imaging Technology Opportunities for Monitoring and Measuring Food...
DOI: http://dx.doi.org/10.5772/intechopen.99532

the safety inspection of agricultural products and livestock use multispectral imag-
ing and HSI technologies. HSI methods have been used to determine the contami-
nation of internal secretions on the surface of chickens, surface contamination in
food processing, and fecal or foreign contamination of matter for apples and lettuce
[118, 156, 157]. While studying the potential application of HSI for defect identifi-
cation, apple and cucumber are two of the most popular food products that are
being studied for bruises and frost injury defects, respectively.

Moreover, [158] took three varieties of apples to study the damage in apples and
noted that the NIR region (700 and 900 nm) was more efficient at determining it.
As a result, the NIR-HSI system from 900-1700 nm, to examine its application in
the identification of bruises during various periods of storage after bruising was
subsequently implemented by [159]. The spectrally reflective image analysis system
has also been developed to assess defects on lettuce cut in the processing line. In
particular, [160] algorithms have been identified to detect snails and worms.
Another significant factor, where HSI systems proved not only to detect non-
obvious bruises of fruits but also capable of assessing internal quality parameters
such as soluble solid content, firmness, pH value, antioxidant, etc. [161-171].

4.5.3 Mid and far infrarved imaging

Mid and far-infrared bands of EM radiation are an extremely useful part of the
spectrum. Where, it can provide imaging in the dark, trace heat signatures, and
provide sensitive detection of many biomolecular and chemical signals. However,
the mid-infrared (MIR) band of the electromagnetic spectrum seems to contain
valuable new information about some of the features needed to differentiate the
samples, for example, the samples with diseases or some contamination or for
quality inspection. Also, the recent development of light sources and imaging sys-
tems in MIR allows the use of multi/hyperspectral MIR imaging in many new
applications as mentioned by [172, 173]. Also, signals of all IR radiation are known
to be sensitive to leaf compounds such as water, lignin, and cellulose, which are
essential to the functioning and structure of the leaf [173-175]. The thermal imaging
technique is defined as a non-destructive, contactless, and rapid method for cap-
turing the IR radiation from the object’s surface. Where the surfaces of the hot
objects emit electromagnetic waves in the IR region. Thermal imaging systems
commonly capture radiation data from 7.5 pm up to 14 pm [176, 177]. This IR range
is defined as the transmission window of the atmosphere characterized by the
minimum attenuation of radiation [178]. Where the idea of a thermal imaging
system based on captures temperature and spatial information simultaneously.
Then, delivers the MIR data to be processed through a computer unit and provided
in matrices forming called thermograms. From this point, there have been many
successful attempts to apply thermal imaging systems as non-destructive and
contactless methods to monitor the quality of many agricultural and food products.
For example, but not limited, [37] developed an infrared thermal imaging system to
detect infestation by Cryptolestes ferrugineus under the seed coat on the germ of
the wheat kernels. Found that the overall classification accuracy for a quadratic
function was 83.5% and 77.7% for infested and sound kernels, respectively, and for
a linear function, it was 77.6% and 83.0% for infested and sound kernels, respec-
tively, in pairwise discriminations. As well, [179] studied the feasibility of applying
an IR thermal imaging system to classified fungal infections of stored wheat, the
results prove that a thermal imaging system could be a useful tool to find if the
wheat grain is infected by fungi or not, where the classification models gave a
maximum accuracy of 100% for healthy samples and more than 97% and 96% for
infected samples, respectively. Additionally, [180] developed a method to early
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detect apple bruising based on pulsed-phase thermography. The results indicated
the high possibilities of the active thermography method for detecting defects up to
several millimeters. Also, [181] conducted a follow-up study in which hyperspectral
cameras were used equipped with sensors working in the visible and NIR (400-
1000 nm), short-wavelength (1000-2500 nm), and thermal imaging camera in the
MIR range (3500-5000 nm) to producing visualizations of bruises and providing
information about bruise depth. the results obtained confirmed that the broad-
spectrum range (400-5000 nm) of fruit surface imaging can improve the detection
of early bruises with varying depths. Likewise, [157] adjusted an infrared lock-in
thermography technique for the detection of early bruises on pears, the thermal
emission signals from pears were measured using a highly sensitive MIR thermal
camera. Found that the phase information of thermal emission from pears provides
good metrics to identify quantitative information about both the size and the depth
of damage for pears. In the same context, [182] developed a pulsed thermographic
imaging system and explore its feasibility in non-destructively detecting bruised
blueberries. The results demonstrated the feasibility of pulsed thermography to
discriminate between bruised and healthy blueberries. Most recently, in the food
processing sector, a study conducted by [183] indicated the possibility of monitor-
ing and evaluating ovens systems through MIR imaging. Where this study aims to
demonstrate the applicability of thermal imaging with image processing for the
real-time evaluation of oven systems. A thermal camera was adapted to two differ-
ent oven systems: a standard electric deck oven and a novel gas-fired baking oven
with integrated volumetric ceramic burners as shown in Figure 28.

Figure 28.
Shows MIR system for monitoring the baking process: A) MIR camera, B) electric deck oven, and C) a
thermogram captuved during baking.
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Figure 29.
Image processing steps with major operations.
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MIR data with image processing are used to accomplish a time-resolved and
automated monitoring of the baking process for oven system evaluation. Therefore,
items to be baked were captured by the thermal camera, detected and feature
extraction was performed to calculate the quality feature relevant such as texture
homogeneity, temperature distribution, spatial dimensions (width and height), and
the corresponding growth kinetic as shown in Figure 29. The results of the pro-
posed study proved its fundamental qualification for comparing, monitoring, and
evaluating different oven systems. In the final analysis, concluded that thermal
imaging is an emerging and promising technique for the food industry and offers
promising possibilities for inline process sensing and monitoring in the food sector.

4.6 Microwaves imaging (MWI)

Microwave radiation appears on electromagnetic radiation, between IR and
radio waves. Where, microwaves refer to alternating current signals in the fre-
quency range from 300 MHz to 300 GHz and (3 x 108 m/sec)/frequency, which
gives you a wavelength range from 1 mm to 1 meter. These dimensions allow
penetrating deep inside many optically not transparent mediums such as biological
tissues, concrete, soil, wood, etc. In this regard, [3] indicated that radar is the
dominant application of microwave imaging techniques. Because the imaging radar
technique in the microwave band can collect data over any region at any time,
regardless of the weather or ambient lighting conditions. Some radar waves can
penetrate clouds, and can also see-through vegetation, ice, and extremely dry sand
under non-standard conditions. The imaging radar works like a flash camera that
provides microwave pulses to illuminate the target area and take a snapshot image.
Where, imaging radar uses an antenna instead of a camera lens, attached with
digital computer processing to record its images. In a radar image, one can see only
the microwave energy that was reflected toward the radar antenna. There are many
similarities between optical imaging, using a digital camera, and microwave imag-
ing, using an antenna array as highlighted in Figure 30. In this type of imaging
known as microwave holography, one or more antennas in the array illuminate the
scene with a radiofrequency (RF) signal. Part of this signal is reflected in the other
antennas, which record both the amplitude and phase of the reflected signal. These
reflected RF signals are then processed to form an image of the scene [184-187].
Microwave imaging techniques have shown excellent capabilities in various fields
such as civil engineering, biomedical diagnostics, safety, industrial applications, and
have in the latest decades experienced strong growth as a research topic in the
agricultural and food fields.
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(transmitter)

Object being

imaged Antenna array DSP algorithm

Figure 30.
Highlights similarities between visible light imaging, and microwave imaging.
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Microwave imaging technology means the initial rapid screening of the hidden
objects in an object’s internal structure employing electromagnetic fields at micro-
wave frequencies (300 MHz-30 GHz). Microwave images are maps of the electrical
property distributions in dielectric samples [188, 189]. Therefore, microwave
imaging for agricultural and food applications is nowadays of great interest, having
the potential of providing information about the internal quality of agricultural and
food products. There are three main reasons for the growing interest and rapid
development of microwave-based methodologies, starting with the idea that the
microwave band can penetrate all materials (unless ideal conductors), and the
related scattered fields are representative of the overall volume of the object under
test and not only of its surface; the second main interest reason that the microwave
imaging modalities are very sensitive to the water content of the specimen, which
makes them extremely suitable by particularly for food processing techniques; and
thirdly it contactless concerning the specimen. Microwave imaging (radar tomog-
raphy) has been used to evaluate the physical properties of food. In particular, the
microwave imaging technique, able to identify the composition and the shape of
biological materials, for the quality control of packed foods, and identify the degree
of ripeness of fruits [190-192]. It could also be said through several investigations
focused on the use of microwave technologies that microwave imaging techniques
are used to probe inaccessible domains and to reveal the dielectric properties of the
media that they penetrate. This technique aims to fully characterize the area in
terms of positions, shapes, and complex permittivity profiles of the dielectric dis-
continuities (i.e., the scatterers). This aim is achieved by using inverse scattering
algorithms to be analyzing the scattered field reflected by the material under con-
sideration. Therefore, inverse scattering methods have been applied in many appli-
cations such as medical diagnosis, subsurface monitoring or geophysical inspection,
and nondestructive evaluation and testing in various fields [193-198]. Accordingly,
[199] focused on the application of microwave imaging technology for food con-
tamination monitoring where the mechanism of this technology is based on trans-
mission across the food sample to exploit the local dielectric proprieties variation
that means a foreign object detection. Ordinarily, the microwave imaging system is
composed of two main components hardware and software Figure 31, where the
hardware part collects data, and the software process them to generate the output.
Where the transmitter antenna generates EM waves toward the sample, that in food
ambient it can be reasonably considered a homogeneous material, and a receiver
antenna collects them. After their acquisition, dedicated software processes the data
to generate the outputs where the detected intrusion is reported.
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Figure 31.

Hlustrates components of antenna microwave imaging system.

26



Thoughts for Foods: Imaging Technology Opportunities for Monitoring and Measuring Food...
DOI: http://dx.doi.org/10.5772/intechopen.99532

By the same token, [200] investigated the dielectric properties of fresh eggs
during storage through frequency range 20-1800 MHz using an open-ended coaxial
probe on thick albumen and yolk of eggs after 1-15 days of storage at room tem-
perature. Also, [201] concluded that the dielectric properties of egg albumen and
yolk were distinguished over the frequency range of 10-1800 MHz. Also, [202]
presented a form of food security sensing using a waveguide antenna microwave
imaging system to identify the health status of eggs. Therefore, proposed a wave-
guide antenna system with a frequency range of 7-13 GHz and a maximum gain of
17.37 dBi, with a scanning area of 30x30 cm”. The results found that the proposed
waveguide antenna microwave imaging sensing system could effectively identify
the health status of many eggs very quickly. As a consequence, concluded that the
waveguide antenna microwave imaging sensing system provides a simple, non-
destructive, effective, and rapid method for food security applications. Images are
undoubtedly the optimum technique in representing concepts to the human brain.
Regardless of whether the product is fresh fruits or prepared food, color and mois-
ture content are important attributes that food and agricultural engineers regularly
look for. Therefore, [203] suggested an investigation focused on image acquisition
technologies that can reveal the information of interest in 2-D using the visible, and
non-visible (radar tomography) bands of radiation. The visible band was applied
for color grading of oil palms and the computerized radar tomography was used to
map the moisture content in grain. The results of this study found that the vision
system correctly classified 92% of oil palms by four-color categories, and the radar
tomography at 1 GHz frequency accurately mapped the homogeneity and hetero-
geneity in moisture content of grain over the moisture range 12-39%. At the same
time, the microwave imaging technique is particularly useful for monitoring foods
also after the packaging, without the necessity of opening the package. This is due
to the microwave’s ability to easily penetrate any type of non-metallic packages.
Furthermore, it has the ability to identify unwanted or extraneous objects (such as
glass or plastics pieces) embedded in food that cannot be detected with standard
metal detectors. Microwave imaging technique in the frequency band from 8-

12 GHz has been used to assess the contents of a package of cookies. The main
purpose of applying this technique was to assess and ensure whether all the cookies
within the package and ensure if their shape is preserved after the distribution or
not. Through Figure 32a, the results concluded that the imaging technique in the
microwave radiation range is capable of reconstruction of a package of cookies, and
it can be noticed from the microwave image that one cookie is missed, and another
is broken. Also, in a study to show the potentialities and abilities of microwave
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Figure 32.

Highlights microwave images, a) reconstruction of a package of cookies and b) identification of an abnormal
object inside a piece of cheese.
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imaging techniques for food processing applications. A sample of cheese was
corrupted by placing a small piece of plastic material inside it to verify the ability of
microwave imaging technology to detect this sample in a non-destructive manner.
In this inspection technique, Figure 32b clearly shows the reconstruction of the
dielectric distribution of the cheese piece through a microwave image, which clearly
showed the presence of a small piece of plastic material and identified it as a yellow
area [191].

4.7 Radio waves imaging

Radio waves are a type of electromagnetic radiation best-known for their use in
communication technologies, such as television, mobile phones, and radios.
According to NASA, radio waves have the longest wavelengths (1 mm to more than
100 km), also have the lowest frequencies, from about 3 kHz, up to about 300 GHz
in the EM spectrum. The National Telecommunications and Information Adminis-
tration generally divides the radio spectrum into nine bands Table 1. Low to
medium frequencies, the lowest of all radio frequencies, have a long-range and are
useful in penetrating water and rock. While, the high, very high, and ultra-high
bands of radio frequencies include FM radio, broadcast television sound, public
service radio, cellphones, and global positioning system (GPS). Moreover, super,
and extremely high frequencies perform the highest frequencies in the radio band
and are sometimes considered to be part of the microwave band. Imaging in the
radio band, as in the case of imaging at the other end of the electromagnetic wave
(gamma rays). Medicine and astronomy are the major applications of imaging in the
radio band. Magnetic resonance imaging (MRI), or nuclear magnetic resonance
scanner (NMR), is mostly known as a magnetic resonance imaging device. Because
of its strong magnetism, the efficient polarization and further excites the focused
proton singly included in water molecules present in the tissue. The technique of
magnetic resonance imaging (MRI) is based on the magnetic field and pulses of
radio radiation energy to evaluate the properties of objects, mostly applied for the
diagnosis of various ailments internal to human and animal bodies. The main idea of
the MRI technique is based on the magnetization of the atomic nuclei of the object
using strong magnets and the nuclei rotate the magnetic field at variable speeds,
which can be detected by the scanner and converted into usable data through
Fourier transform. In the MRI technique, the hydrogen atom is used as a base atom
because water is plentiful in all biological systems [3, 191, 204, 205].

Numbers Radio bands Frequency range Wavelength range

1 Extremely Low Frequency (ELF) <3 kHz >100 km

2 Very Low Frequency (VLF) 3 to 30 kHz 10 to 100 km

3 Low Frequency (LF) 30 to 300 kHz 1m to 10 km

4 Medium Frequency (MF) 300 kHz to 3 MHz 100 m to 1km

5 High Frequency (HF) 3 to 30 MHz 10 to 100 m

6 Very High Frequency (VHF) 30 to 300 MHz 1to10 m

7 Ultra-High Frequency (UHF) 300 MHz to 3 GHz 10cmtolm

8 Super High Frequency (SHF) 3to 30 GHz 1tolcm

9 Extremely High Frequency (EHF) 30 to 300 GHz 1mmto1cm
Table 1.

Hlustrates the nine bands classified of the radio spectrum.
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Noting the magnetic nature of this MRI [204, 206] has mentioned that the low
magnetic nature of the hydrogen protons which have different behaviors depending
on the type of the tissues (e.g., lipids and water). The inspected object is placed
within the magnet usually having 0.2-3.0 Tesla magnetic field power (T). This
constant magnetic field is produced by radio-frequency pulses on the appropriate
resonant frequency known as the Larmor frequency. It causes an excited state for
the protons in the sample due to energy absorption. These protons generate radio
waves, the emission can be detected by the receiver coil, producing an NMR signal.
The basis for MR imaging is measuring the intensity signal of MR, accurate spatial
placement of signal intensities, and cross-sectional representation of the signal
intensities with the greyscale. Having high moisture content, agricultural products
yield strong signals when applying an MRI technique. Therefore, [207] monitor the
ripening of mangoes by using MRI technique and found that signal magnetic reso-
nance intensity of the pericarp in MR images varied with the ripening stage. Also,
[208] studied the prediction of sensory texture quality attributes of raw and cooked
potatoes by NMR-imaging. MRI analysis on the obtained data and subsequent
sensory analysis of the cooked potatoes displayed the high potential of employing
advanced image analysis on MR-imaging data from raw potatoes to predict sensory
attributes related to the texture of cooked potatoes. In short, concluded that MR-
imaging besides giving well-known information about water distribution also gives
information about anatomic structures within raw potatoes, which are considered
important for the perceived textural properties of the cooked potatoes. Moreover,
[209] designed an MRI apparatus characterized by its small, lightweight, and usable
in an ordinary research room was devised for developmental research and quality
estimation of foods and agricultural products. The proton-specified MRI was easy to
operate and provided well-depicted images of internal structures, the distribution
and mobility of water and oils, and susceptibility differences inside materials,
demonstrating that the devised machine is useful for food and agricultural research.
As well, [210] examined the changes in kiwi fruit tissue structure to evaluate the
effect of storage conditions and found water migration in the direction of the outer
region in the pericarp during storage. Also, [211, 212] applied MRI techniques to
inspect the physicochemical changes of cherry tomatoes and found the potential of
MRI techniques for tomato classification according to maturity. MRI is a technique
that permits watercore detection without destroying the sample. From this point,
[213] investigated the watercore distribution inside apple fruit (block or radial), and
its incidence (% of tissue) by the non-invasive and non-destructive technique of
MRI to obtain 20 inner tomography slices from each fruit and analyze the damaged
areas using an interactive 3D segmentation method as shown in Figure 33. Apples
with block watercore were grouped in Euler numbers between —400 and 400 with

Figure 33.
Shows the MR images of central apple slices belonging to the four watercore levels, classified by three experts.
(1) Sound apple; (2) light watercore; (3) medium watercove; (4) strong water core.
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a small evolution. For apples with radial development, the Euler number was highly
negative, up to —1439. Significant differences were also found regarding sugar
composition, with higher fructose and total sugar contents in apples from the upper
canopy, compared to those in the lower canopy location. Also, noted significantly
higher sorbitol and lower sucrose and fructose contents were found in watercore-
affected tissue compared to the healthy tissue of affected apples and compared to
healthy apples. Additionally, [214] mentioned that by using MRI, the results of
additional tests such as chemical analysis, oil and moisture distribution, sugar level,
pH and physical analysis of structure, voids, the thickness of filling and coating, are
immediately tested within seconds on the production line. Thus, the idea about the
value of the MRI technique and its application in the food industry is going to
improve and maintain the quality in processing, testing, and optimizing the
parameters.

However, the high cost of imaging facilities is another barrier to the exploitation
of MRI in the food industry. As well, [215] presented a detailed discussion on the
fundamentals of MRI in the study of food materials. Also, [216] pointed to that the
MRI is done with the use of an NMR instrument equipped with magnetic gradient
coils. Where these coils have the capability to collect data spatially and create two-
dimensional and three-dimensional images displaying diverse physicochemical
characteristics. Likewise, [217] adopted the idea that fast and non-destructive solu-
tions for sensing watercore would be readily accepted in the postharvest industry.
Therefore, conducted a comparative study between X-ray CT and MRI as potential
imaging technologies for detecting watercore disorder of different apple cultivars.
After the acquisition of X-ray and MR images the 3D datasets of X-ray CT and MRI
were matched, the images obtained on quantitatively identical fruit were compared.
The results indicated that both MRI and CT were able to detect watercore disorder
of different apple cultivars, however, the contrast in MRI images was superior as
shown in Figure 34. Finally, concluded that the mean and variance of the frequency
distribution of MRI and X-ray CT intensity appeared to be a parameter that allows
the identification of healthy apples from affected fruit. A study by [218] provided a
potential and detailed description of all components of the MRI system in agricul-
tural fruits and vegetables for the assessment of maturity and quality parameters.
As well, [219] used the MRI technique for non-invasive imaging of plant roots in
different soils. Where used barley as a model plant to investigate the achievable
image quality and the suitability for root phenotyping of six natural soil substrates
of commonly occurring soil textures.

‘Verde doncella”

X-ray CT MRI1 X-ray CT MRI1

Figure 34.
Shows the X-ray CT (left) and MR images (vight) cross-sections of sound Ascara and watercore Verde doncella
fruit and their segmentation results.
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Figure 35.
MR Image for barley seedlings 3 days after sowing in eight different substrates at four different soil moisture
levels.

Tiara
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Figure 36.
Demonstrates the MR images of three cherry tomato cultivars Tiara, Tiara TY, and Unicornat, at different
matuvity stages.

The results are compared with two artificially composed substrates previously
documented for MRI root imaging as shown in Figure 35. The results demonstrated
that only one soil did not allow imaging of the roots with MRI. In the artificially
composed substrates, soil moisture above 70% of the maximal water holding
capacity (WHCmax) impeded root imaging. For the natural soil substrates, soil
moisture did not affect MRI root image quality in the investigated range of 50-80%
WHCmax. Concluded that with the characterization of different soils, investiga-
tions such as trait stability across substrates are now possible using non-invasive
MRI. Subsequently, [220] presented a review conducted on the use of NMR/MRI
techniques, for inspection of some agricultural fruits and vegetables, and explained
the benefits of their implementation in the assessment of internal quality attributes
such as internal defects, water content, nutrition content, maturity, fruit firmness,
seed detection, physicochemical and microbiological quality in both commercial
and industrial applications. Accordingly, concluded that the low-field nuclear mag-
netic resonance (LF-NMR) and MRI are viable technologies in assessing water
status, which can significantly impact the quality of fruits and vegetables’ texture,
tenderness, and microstructure. Despite considerable developments in the quality
measurement of fruits and vegetables and their products, the implementation of
these techniques at an industrial level has been unsatisfactory. As well, [221] used
MRI to study the changes in the internal structure of tomato fruit during develop-
ment as a function of maturity. The internal structure of intact cherry tomato fruit
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at six different maturity stages (green, breaker, turning, pink, light red, and red)
was measured using a series of two-dimensional (2D) MR images as shown in
Figure 36. water content appears evenly distributed in the pericarp region from
breaker to light red maturity stages.

MR signal intensity changes when different maturity stages are observed. Espe-
cially, signal intensity variation between the pericarp and locule regions is observed.
Quantifying variations of signal intensity using a ratio of signal between pericarp
and locule different regions enables the assignment of the maturity of cherry
tomato. Additionally, concluded that since MRI provides detailed internal structure
information, characterization of internal defects (e.g., bruises, voids, impact dam-
age) and other quality factors is possible.

5. Conclusions

Inspecting and measuring the external and internal quality of agricultural and
food products and assuring their safety from diseases and contamination, is one of
the most important issues facing the food sector at present. This is a result of
multiple and repeated complaints against agricultural producers and food manu-
facturers for the inability to meet quality requirements that meet the consumer’s
desires. When agricultural and food products do not meet quality standards and
safety criteria, consumers lose faith in producers leading to the loss of these prod-
ucts’ competitiveness in the market, and thus significant economic loss. With con-
sumers rapidly growing demand for safer and better-quality food. So, agricultural
producers and food manufacturers are working hard to eliminate sources of food
contamination and achieve better quality. Although some systems are proposed to
achieve food safety and quality by achieving a set of conditions that fall under the
so-called good manufacturing practices (GMP) and hazard analysis and critical
control point (HACCP) which represents the best way to achieve food security
through all production steps. Unfortunately, with all these requirements for GMP
and HACCP systems and others, they may not completely ensure the production of
safe food free of contaminants and defects. So, it has become necessary to introduce
modern technologies to quality inspect and detect blemishes and contamination and
then reject these products that are not fit for human consumption. Therefore, the
focus was on the development of non-destructive, modern, fast, reliable, and appli-
cable methods that meet the needs of both food manufacturers and producers, as
well as the desires of the consumer. So, the majority of all quality detection systems
use electromagnetic wave measurements across all regions of the electromagnetic
spectrum through imaging technologies. Gamma-ray and X-ray imaging technolo-
gies have high frequency and energy and are often used for irradiation, plant
breeding applications, determining food quality, and food safety. Although appli-
cations of this technique are mainly used for research and development work, it has
great potential to serve as a tool for the development of various plant varieties,
assessment and quality assurance, and management practices for a wide range of
agro-food practices. As well, UV and visible light imaging has proved itself to be
very reliable and efficient for performing several tasks such as evaluating color,
shape, size, and detect external defects. Additionally, these imaging systems can
empower the agricultural and food industry with a new tool to detect defects and
contaminations to ensure food safety and quality. Undoubtedly, with the evolution
of a new generation of detectors and cameras, imaging within UV and visible light
regions will have great potential in food defense and safety. Furthermore, IR and
HSI systems can combine spectral and spatial data of a sample. For this reason, the
HSI system became a standalone unit for non-destructive analysis of the physical,
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textural, and chemical parameters of the sample. So, the IR-HIS system has gained
fame and a good reputation and is elaborately tested to predict chemical composi-
tion, detect defects, and adulterate agricultural and food products. Also, microwave
and radio-wave imaging can improve the efficiency of real-time monitoring of food
production, storing, and control quality chain. There appears to be an acceleration
in the growth of hardware and software of imaging systems to overcome the
limitations of this technology will help the agricultural and food industry in
implementing the different imaging systems for rapid and in-line quality monitor-
ing applications such as foreign material detection, discrimination external and
internal quality attributes of agricultural and food products and detecting various
defects and diseases. In conclusion, in this chapter, it has been shown that the
different modern imaging technologies could provide unquestionably advantages
for monitoring the quality and safety of agri-food production and processing.
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